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Abstract 
Operational planning of prosumer microgrids with solar and wind energy sources is quite a 
complex task considering the intermittency of these sources and energy import/export from 
prosumers.  Reserve capacities which can be reliably provided by dispatchable sources like 
conventional generators (CGs) may be needed to ensure reliability of the grid. However, 
these sources produce emissions which have adverse effects on the environment. Hence, 
emission curtailment should be incorporated in the operational planning of microgrids 
with these generators. In this paper, a mathematical formulation for the joint economic 
and emission dispatch of a renewable energy-assisted prosumer microgrid is presented and 
solved using the CPLEX Solver in Advanced Interactive Multidimensional Modelling 
System (AIMMS). A modified microgrid test system is used as a case study in this work. 
Results show that incorporating an emission function in the objective of the operational 
dispatch formulation not only reduces emissions, but could be of advantage to customers as 
larger capacities of their behind-the–meter resources get the chance to provide grid 
ancillary services; however, it also puts a restriction on the profit that could be made from 
selling energy to the main grid during periods when energy prices are high. 
Keywords: emissions dispatch, energy management, microgrid, operational dispatch, 
prosumers. 
 
Nomenclature 
Sets 
t, T index for, and number of timeslots 
g, G index for, and number of CGs 
p, P index for, and number of prosumers 
Parameters 
∆𝑡 Duration of a timeslot [hrs] 
𝐸𝑆𝑜𝑙𝑎𝑟
𝑡   Aggregate solar output during timeslot t [kWh] 
𝐸𝑊𝑖𝑛𝑑
𝑡   Wind farm output during timeslot t [kWh] 
𝐸𝑅
𝑡   Required reserve capacity for the duration of timeslot t [kWh] 
𝐸𝑃𝑟𝑜𝐺𝑒𝑛,𝑝
𝑡  Prosumer p’s onsite generator output during timeslot t [kWh] 
𝐸𝑁𝐷𝐿,𝑝
𝑡   Energy required for prosumer p’s non-deferrable load during timeslot t [kWh] 
𝐸𝐵𝑎𝑡𝑇𝑥𝑓,𝑝
𝑚𝑎𝑥  Maximum quantity of charge/discharge of prosumer p’s battery per timeslot 
[kWh] 
𝐸𝐵𝑎𝑡𝑡,𝑝
𝑚𝑖𝑛  Minimum energy level of prosumer p’s battery [kWh] 
𝐸𝐵𝑎𝑡𝑡,𝑝
𝑚𝑎𝑥  Maximum energy level of prosumer p’s battery [kWh] 
𝐸𝐷𝐿,𝑝  Amount of deferrable load to be served in prosumer p per timeslot [kWh] 
𝐸𝐷𝐿,𝑝
𝑡𝑜𝑡𝑎𝑙  Total amount of deferrable load in prosumer p [kWh] 
𝐸𝑂𝑡ℎ𝑒𝑟𝐿𝑜𝑎𝑑
𝑡  Total demand (excluding prosumer demand) in timeslot t [kWh]  
𝑃𝑐.𝑔𝑒𝑛,𝑔
𝑚𝑖𝑛   Lower limit of CG g’s output [kW] 
𝑃𝑐.𝑔𝑒𝑛,𝑔
𝑚𝑎𝑥   Upper limit of CG g’s output [kW] 
𝑟  Up/down ramping coefficient 
𝑎𝑔, 𝑏𝑔 & 𝑐𝑔   Coefficients of CG g’s generation cost [$h
-1]/[$(kWh)-1]/[$(kW2ℎ)-1] 
𝐶𝑐.𝑔𝑒𝑛,𝑔
𝑡  Cost of generation of CG g for the duration of timeslot t [$] 
𝐶𝑠𝑒𝑙𝑙
𝑡   Selling cost of energy [$(kWh)-1] 
𝐶𝑏𝑢𝑦
𝑡   Buying cost of energy [$(kWh)-1] 
ᶯ𝑝  (Dis)Charge efficiency of battery in prosumer p 
Variables 
𝐸𝑐.𝑔𝑒𝑛,𝑔
𝑡   CG g’s output for the duration of timeslot t [kWh] 
𝐸𝑏𝑢𝑦
𝑡  Energy scheduled to be bought from main grid for the duration of timeslot t [kWh] 
𝑆𝐵𝑢𝑦
𝑡   Energy bought status [Yes (1), No (0)] 
𝐸𝑆𝑒𝑙𝑙
𝑡   Energy scheduled to be sold to the main grid for the duration of timeslot t [kWh] 
𝑆𝑠𝑒𝑙𝑙
𝑡   Energy sold status [Yes (1), No (0)] 
𝑆𝑐.𝑔𝑒𝑛,𝑔
𝑡   ON/OFF state of CG g in timeslot t  
𝑆𝐷𝐿,𝑝
𝑡   ON/OFF state of deferrable load in prosumer p in timeslot t  
𝐸𝐺𝑟𝑖𝑑𝑃𝑟𝑜,𝑝
𝑡   Energy trade between the main grid and prosumer p during timeslot t [kWh] 
𝐸𝐵𝑎𝑡𝑇𝑥𝑓,𝑝
𝑡   Amount of charge/discharge of prosumer p’s battery during timeslot t [kWh] 
𝑃𝑐.𝑔𝑒𝑛,𝑔
𝑡   CG g’s power output during timeslot t [kW] 
𝐸𝐵𝑎𝑡,𝑝
𝑡  Energy content of prosumer p’s battery during timeslot t [kWh] 
𝑅c.gen,𝑔
𝑡  Reserve capacity from CG g during timeslot t [kWh] 
𝐶𝑅c.gen,𝑔
𝑡  Price of reserve capacity from CG g for the duration of timeslot t [$] 
𝑅𝐵𝑎𝑡,𝑝
𝑡  Reserve capacity from prosumer p’s battery in timeslot t [kWh] 
𝐶𝑅𝐵𝑎𝑡,𝑝
𝑡  Price for reserve capacity from prosumer p’s battery in timeslot t [kWh] 
𝐸𝑀𝑔  Emissions produced per unit of power generated by CG g [kg] 
𝐸𝑀𝑅𝑔 Emissions produced per unit of reserve from CG g [kg] 
𝐸𝑀𝑖𝑀𝑎𝑇𝑥𝑓𝐺𝑟𝑖𝑑
𝑚𝑎𝑥  Maximum possible energy transfer between micro and main grid 
𝐷𝑒𝑣𝐸𝑊𝑖𝑛𝑑
−,𝑡
 Maximum downward deviation from wind power forecast in timeslot t [kWh]  
𝐷𝑒𝑣𝐸𝑆𝑜𝑙𝑎𝑟
−,𝑡
 Maximum downward deviation from solar power forecast in timeslot t [kWh] 
𝐷𝑒𝑣𝐸𝐷𝑒𝑚𝑎𝑛𝑑
+,𝑡
 Maximum upward deviation from demand forecast in timeslot t [kWh] 
𝐷𝑒𝑣𝐸𝑃𝑟𝑜𝐺𝑒𝑛,𝑝
−,𝑡
 Maximum downward deviation from prosumer p’s local generation forecast in 
timeslot t [kWh] 
𝐷𝑒𝑣𝐸𝑃𝑟𝑜𝐷𝑒𝑚,𝑝
+,𝑡
 Maximum upward deviation from prosumer p’s demand forecast in timeslot t 
[kWh] 
NB. 1 kWh = 3600000 J 
 
1. Introduction 
The major adverse effect of excessive release of greenhouse gases into the atmosphere, known as 
global warming, continues to attract the attention of the public. In the bid to reduce these harmful 
emissions, some directives like the Large Combustion Plant Directive, the Kyoto Protocol and 
the National Emissions Ceilings Directive have been put in place. To effectively curb these 
emissions, attention must be given to the electricity industry which is one of the major producers 
of these gases.  
A low capital approach to emission reduction in the power industry is the use of an economic 
and emission dispatch model for the operational dispatch of a grid; it is also a relatively easy to 
implement approach (Nwulu and Xia 2015a). 
Over the years, the economic dispatch problem has evolved; in addition to the dispatch of supply 
resources, flexible loads and storage facilities can now be simultaneously dispatched. In general, 
energy management or operational dispatch may be carried out by optimally scheduling supply 
resources CGs, demand (deferrable loads), storage (batteries) or any combination of these (Pal et 
al. 2016). In (Ahn and Peng 2013) & (Huang, Yao and Wu 2014), energy management was 
carried out by scheduling the output of CGs. Deferrable load scheduling was employed in (Chen, 
Shroff and Sinha 2013; Farimani and Mashhadi 2015; He et al. 2016) for effective energy 
management. In (Bestehorn and Borsche 2014), power supply-demand balance was achieved by 
switching both producers and consumers. The authors of (Su and El Gamal 2013) analysed the 
use of energy storage in realizing power balance. In (Nguyen and Crow 2016), the dispatch of 
generation and batteries was coordinated to minimize the expected operating cost of a microgrid, 
but contrary to the norm, power balance was not considered as a hard constraint; it was enforced 
with high probability. None of the abovementioned papers used the method of coordinated 
scheduling of supply, demand and storage components. 
Refs. (Pal et al. 2016; Farimani and Mashhadi 2013; Salinas et al. 2013; Zhang, Gatsis and 
Ginnakis 2013) are closely related to this work as they adopted the approach of joint scheduling 
of supply, demand and storage. In (Pal et al. 2016), a prosumer smart grid architecture consisting 
of a CG, multiple renewable energy generators (each having a storage unit attached), elastic and 
inelastic loads, and a connection to an external energy market was considered. The authors 
minimized a cost function consisting of conventional generation cost, battery degradation cost 
and net cost of power exchange with the external energy market, whilst ensuring power balance. 
The authors of (Farimani and Mashhadi 2013) considered a hybrid system consisting of diesel, 
wind and solar generators, storage unit, dispatchable and undispatchable loads. They minimized 
an objective function consisting of diesel generation cost and cost of not supplying next-day 
load. In (Salinas et al. 2013), a distribution network of energy users each having a renewable 
energy source with battery storage and a connection to a power grid was studied. An 
optimization model that minimizes the cost of satisfying customers’ total load demand was 
formulated.  
None of the authors of (Pal et al. 2016; Farimani and Mashhadi 2013; Salinas et al. 2013) 
incorporated reserve scheduling into their operational dispatch formulation. In (Zhang, Gatsis 
and Ginnakis 2013), however, provision was made for a spinning reserve capacity, but this was 
to be provided by CGs alone. The use of other grid components, aside from CGs, to deliver 
ancillary services, has been shown to reduce grid operating costs (Zakariazadeh, Jadid and Siano 
2014a). In (Zakariazadeh, Jadid and Siano 2014a), an energy and reserve dispatch formulation 
for a smart distribution grid was presented. The formulation was developed as a multi-objective 
optimization problem with two objectives viz. cost and emissions.  
Active consumers, known as prosumers, have begun to emerge in recent times. Prosumers are 
consumers of electricity who also have onsite generators like diesel generators, solar 
photovoltaic (PV) systems and wind turbines, and hence can feed electricity back to the grid or 
share with other customers (Zafar et al. 2018). Their emergence is due to dwindling prices of 
renewable energy systems, favourable government policies, environmental pollution concerns, 
among other factors. With PV systems being one of the most preferred onsite generation 
technologies (Couture et al. 2014), many prosumers adopt this technology. The influx of 
prosumers with such unpredictable renewable energy sources complicates the task of grid 
operators, especially in cases where prosumers are permitted to unsolicitedly feed excess unused 
local generation to the grid. However, in addition to being key stakeholders of the future grid, 
prosumers can also play a crucial role in peak demand management (Zafar et al. 2018). An 
operational energy and reserve dispatch model for a prosumer microgrid was developed in 
(Damisa, Nwulu and Sun 2018). Two large prosumers, each having a renewable energy 
generator, a battery storage facility and flexible loads, were assumed to be connected to the 
microgrid. Their batteries and flexible loads were used by the microgrid operator (MGO) to 
achieve grid power balance and provide ancillary services. The operating cost of the microgrid 
was seen to reduce with the participation of these resources.  
In this paper, the mathematical model in (Damisa, Nwulu and Sun 2018) is extended to include 
CG emission minimization. The resulting mathematical formulation is a multi-objective 
optimization problem with two objectives namely, operating cost and emission function. It is 
solved using the weighing method of handling multi-objective optimization problems. Three 
weight combinations are investigated. Firstly, equal weights are assigned to both objective 
functions; the second combination effectively retains the operating cost alone, and the last 
combination retains the emission function alone. For each of these combinations, an optimal 
energy and reserve schedule is generated. Furthermore, a comparison of the results for each 
weight combination is reported.  
The rest of the paper follows the following structure: A brief description and schematic of the 
microgrid configuration is given in Section 2. The mathematical model of the grid’s dynamics is 
presented in Section 3. Section 4 contains a brief description of the simulation set-up, and results 
are shown in Section 5. A discussion of the results, together with policy recommendations is 
presented in Section 6, and the paper is concluded in Section 7. 
 
2. Microgrid Configuration 
Fig. 1 is a schematic of the microgrid configuration considered in this paper. To understand the 
interaction between grid components and facilitate the development of a mathematical model of 
the grid’s dynamics, the directions of energy flow between grid components have been shown. A 
two-way energy flow link exists between the MGO and the distribution system operator (DSO) 
to facilitate energy trading. A similar connection exists between each prosumer and the 
microgrid for bi-directional flow of energy.  
 
 
 
 
 
 Figure 1 Diagrammatic representation of microgrid configuration  
3. Mathematical Model 
The objective function is made up of operating cost and emission function components, as 
detailed in (1). Its operating cost component comprises costs of conventional generation, grid 
energy purchase minus energy sale, and reserve capacities from both CGs and prosumer’s 
batteries. The emission component comprises CG emissions from power generation and reserve 
capacity provision. 
Min ω1 ∗ (∑ ∑ 𝐶𝑐.𝑔𝑒𝑛,𝑔
𝑡𝐺
𝑔=1
𝑇
𝑡=1 + ∑ (Cbuy
t ∗ 𝐸𝑏𝑢𝑦
𝑡 ) − ∑ (Csell
t ∗ 𝐸𝑠𝑒𝑙𝑙
𝑡 )𝑇𝑡=1  
𝑇
𝑡=1 +
∑ ∑ 𝐶𝑅c.gen,𝑔
𝑡𝐺
𝑔=1
𝑇
𝑡=1 + ∑ ∑ 𝐶𝑅𝐵𝑎𝑡,𝑝
𝑡𝑃
𝑝=1
𝑇
𝑡=1 ) + ω2 ∗ (∑ ∑ (EMg ∗ 𝑃𝑐.𝑔𝑒𝑛,𝑔
𝑡 )𝐺𝑔=1
𝑇
𝑡=1 +
 ∑ ∑ (EMRg ∗ 𝑅𝑐.𝑔𝑒𝑛,𝑔
𝑡 )𝐺𝑔=1
𝑇
𝑡=1 )                                        (1)  
Where: 
ω2 = 1 − ω1                   (2) 
EMRg =  0.5 ∗ EMg                  (3) 
𝐶𝑐.𝑔𝑒𝑛,𝑔
𝑡 = 𝑆𝑐.𝑔𝑒𝑛,𝑔
𝑡 ∗ ag + bg ∗ 𝑃𝑐.𝑔𝑒𝑛,𝑔
𝑡                       (4) 
𝐶𝑅c.gen,𝑔
𝑡 = 0.75 ∗ (𝑆𝑐.𝑔𝑒𝑛,𝑔
𝑡 ∗ ag + bg ∗ 𝑅c.gen,𝑔
𝑡 )                (5) 
𝐶𝑅𝐵𝑎𝑡,𝑝
𝑡 = 0.2 ∗ Cbuy
t ∗ 𝑅𝐵𝑎𝑡,𝑝
𝑡                        (6) 
Constraints (7) through (9) disallow simultaneous purchase/sale of energy from/to the main grid, 
and keep the amount of energy bought/sold per timeslot within permissible limits (Damisa, 
Nwulu and Sun 2018).  
𝐸𝑏𝑢𝑦
𝑡 ≤  EMiMaTxfGrid
max ∗ 𝑆𝑏𝑢𝑦
𝑡 ∀ t ϵ [1, T]                   (7) 
𝐸𝑠𝑒𝑙𝑙
𝑡 ≤  EMiMaTxfGrid
max ∗ 𝑆𝑆𝑒𝑙𝑙
𝑡 ∀ t ϵ [1, T]                  (8) 
𝑆𝐵𝑢𝑦
𝑡 + 𝑆𝑆𝑒𝑙𝑙
𝑡 ≤ 1∀ t ϵ [1, T]                    (9) 
Constraint (10) is required to make sure that deferrable loads are only served within the period 
specified by customers (Zhang, Gatsis and Ginnakis 2013), and (11) ensures that their demand is 
completely met within the period. Interruption frequency of energy supply to these loads is 
limited by constraint (12). To retain the linearity of the model and guarantee an optimal solution, 
a new variable, 𝑆𝐷𝐿𝑝
𝑡 , is introduced to replace the product of 𝑆𝐷𝐿,𝑝
𝑡 ∗ 𝑆𝐷𝐿,𝑝
𝑡+1  as seen in constraint 
(13), and constraints (14) through (17) are used to appropriately limit the new variable 
(Tazvinga, Xia and Zhang 2013). 
𝑆𝐷𝐿,𝑝
𝑡 = 0  ∀ end < t < start                         (10) 
∑ (𝑆𝐷𝐿,𝑝
𝑡 ∗ EDL,p
𝑒𝑛𝑑
𝑡=𝑠𝑡𝑎𝑟𝑡 ) = EDl,p
total                        (11) 
∑ (𝑆𝐷𝐿,𝑝
𝑡 ∗ 𝑆𝐷𝐿,𝑝
𝑡+1 ) ≥
EDL,p
total
EDL,p
𝑒𝑛𝑑−1
𝑡=𝑠𝑡𝑎𝑟𝑡 − 2   ∀ p ϵ [1, P]                 (12) 
∑ 𝑆𝐷𝐿𝑝
𝑡 ≥
EDL,p
total
EDL,p
𝑒𝑛𝑑−1
𝑡=𝑠𝑡𝑎𝑟𝑡 − 2   ∀ p ϵ [1, P]                  (13) 
𝑆𝐷𝐿𝑝
𝑡 ≤ 𝑆𝐷𝐿,𝑝
𝑡    ∀ p ϵ [1, P] ∀ t ϵ [start, end-1]                 (14) 
𝑆𝐷𝐿𝑝
𝑡 ≤ 𝑆𝐷𝐿,𝑝
𝑡+1    ∀ p ϵ [1, P] ∀ t ϵ [start, end-1]                   (15) 
𝑆𝐷𝐿𝑝
𝑡 ≥ 𝑆𝐷𝐿,𝑝
𝑡 + 𝑆𝐷𝐿,𝑝
𝑡+1 − 1  ∀ p ϵ [1, P] ∀ t ϵ [start, end-1]             (16) 
𝑆𝐷𝐿𝑝
𝑡  ϵ [0,1]  ∀ p ϵ [1, P] ∀ t ϵ [start, end-1]                (17) 
The prosumer’s battery dynamics is modelled using Equation (18) and constrained using (19) 
through (23) (Damisa, Nwulu and Sun 2018). It should be noted that the variable 𝐸𝐵𝑎𝑡𝑇𝑥𝑓,𝑝
𝑡  can 
take both positive and negative values. It takes a positive value when the battery is being 
charged, and a negative value when it is being discharged. Constraint (19) ensures that the 
battery’s content is kept within its capacity limits. Constraints (20) through (22) ensure that the 
sum of energy to be delivered/absorbed and reserve to be delivered by a battery does not exceed 
its maximum transfer capacity per timeslot. Constraint (23) represents the limitation on the 
amount of energy deliverable by the battery due to its efficiency (Zhang, Gatsis and Ginnakis 
2013). 
𝐸𝐵𝑎𝑡,𝑝
𝑡 = 𝐸𝐵𝑎𝑡,𝑝
𝑡−1  + ᶯ𝑝(𝐸𝐵𝑎𝑡𝑇𝑥𝑓,𝑝
𝑡 ) − ᶯ𝑝(𝑅𝐵𝑎𝑡,𝑝
𝑡 )  ∀ p ϵ [1, P] ∀ t ϵ [1, T]            (18) 
EBat,p
min   ≤  𝐸𝐵𝑎𝑡,𝑝
𝑡   ≤  EBat,p
max  ∀ p ϵ [1, P] ∀ t ϵ [1, T]               (19) 
−EBatTxf,p
max ≤   𝐸𝐵𝑎𝑡𝑇𝑥𝑓,𝑝
𝑡     ∀ p ϵ [1, P] ∀ t ϵ [1, T]                   (20) 
−𝐸𝐵𝑎𝑡𝑇𝑥𝑓,𝑝
𝑡 + 𝑅𝐵𝑎𝑡,𝑝
𝑡   ≤   EBatTxf,p
max   ∀ p ϵ [1, P] ∀ t ϵ [1, T]           (21) 
𝐸𝐵𝑎𝑡𝑇𝑥𝑓,𝑝
𝑡 + 𝑅𝐵𝑎𝑡,𝑝
𝑡   ≤   EBatTxf,p
max  ∀ p ϵ [1, P] ∀ t ϵ [1, T]           (22) 
ᶯ𝑝𝐸𝐵𝑎𝑡,𝑝
𝑡−1 ≥ −𝐸𝐵𝑎𝑡𝑇𝑥𝑓,𝑝
𝑡 + 𝑅𝐵𝑎𝑡,𝑝
𝑡  ∀ p ϵ [1, P] ∀ t ϵ [1, T]           (23) 
Constraint (24) is useful for setting the acceptable number of CG interruptions (Damisa, Nwulu 
and Sun 2018, 912). Again to retain the linearity of the formulation, another new variable, 𝑆𝐺𝑔
𝑡, 
is introduced to replace the product of 𝑆𝑐.𝑔𝑒𝑛,𝑔
𝑡 ∗ 𝑆𝑐.𝑔𝑒𝑛,𝑔
𝑡+1  as seen in constraint (25), and 
constraints (26) through (29) are added to appropriately limit this new variable (Tazvinga, Xia 
and Zhang 2013). Constraints (30) and (31) make sure that the aggregate of energy and reserve 
to be provided by a CG is within its capacity limits. Ramp-up and ramp-down restrictions are 
represented in constraints (32) and (33) (913). 
∑ (𝑆𝑐.𝑔𝑒𝑛,𝑔
𝑡 ∗ 𝑆𝑐.𝑔𝑒𝑛,𝑔
𝑡+1 ) = ∑ 𝑆𝑐.𝑔𝑒𝑛,𝑔
𝑡𝑇
𝑡=1
𝑇−1
𝑡=1 − 1  ∀ g ϵ [1, G]              (24) 
∑ 𝑆𝐺𝑔
𝑡 = ∑ 𝑆𝑐.𝑔𝑒𝑛,𝑔
𝑡𝑇
𝑡=1
𝑇−1
𝑡=1 − 1  ∀ g ϵ [1, G]                     (25) 
𝑆𝐺𝑔
𝑡 ≤ 𝑆𝑐.𝑔𝑒𝑛,𝑔
𝑡   ∀ g ϵ [1, G] ∀ t ϵ [1, T-1]                       (26) 
𝑆𝐺𝑔
𝑡 ≤ 𝑆𝑐.𝑔𝑒𝑛,𝑔
𝑡+1   ∀ g ϵ [1, G] ∀ t ϵ [1, T-1]                     (27) 
𝑆𝐺𝑔
𝑡 ≥ 𝑆𝑐.𝑔𝑒𝑛,𝑔
𝑡 + 𝑆𝑐.𝑔𝑒𝑛,𝑔
𝑡+1 − 1  ∀ g ϵ [1, G] ∀ t ϵ [1, T-1]          (28) 
𝑆𝐺𝑔
𝑡 ϵ [0,1]  ∀ g ϵ [1, G] ∀ t ϵ [1, T-1]                        (29) 
𝑆c.gen,𝑔
𝑡 ∗ Pc.gen,g
min ≤  𝑃c.gen,𝑔
𝑡 + 𝑅c.gen,𝑔
𝑡  ≤  Pc.gen,g
max ∗ 𝑆c.gen,𝑔
𝑡    ∀ g ϵ [1, G] ∀ t ϵ [1, T]            (30) 
𝑆c.gen,𝑔
𝑡 ∗ Pc.gen,g
min ≤  𝑃c.gen,𝑔
𝑡  ≤  Pc.gen,g
max ∗ 𝑆c.gen,𝑔
𝑡    ∀ g ϵ [1, G] ∀ t ϵ [1, T]                 (31) 
𝑃c.gen,𝑔
𝑡 + 𝑅c.gen,𝑔
𝑡 − 𝑃c.gen,𝑔
𝑡−1 − 𝑅c.gen,𝑔
𝑡−1   ≤  r ∗ Pc.gen,g
max    ∀ g ϵ [1, G] ∀ t ϵ (1, T]            (32) 
𝑃c.gen,𝑔
𝑡−1 + 𝑅c.gen,𝑔
𝑡−1 − 𝑃c.gen,𝑔 
𝑡 − 𝑅c.gen,𝑔
𝑡  ≤  r ∗ Pc.gen,g
max    ∀ g ϵ [1, G] ∀ t ϵ (1, T ]        (33) 
The required reserve capacity is assumed to be the sum of maximum possible downward 
deviation from generation forecasts and maximum possible upward deviation from demand 
forecasts, as shown in constraint (34). CGs, prosumers’ batteries and deferrable loads are 
expected to provide this capacity, as represented by constraint (35) (Damisa, Nwulu and Sun 
2018, 913). 
ER
t = DevEWind
−,t + DevESolar
−,t + DevEDemand
+,t + ∑ DevEProGen,p
−,tP
p + ∑ DevEProDem,p
+,tP
p   ∀ t ϵ [1, T] 
                 (34) 
∑ 𝑅𝑐.𝑔𝑒𝑛,𝑔
𝑡  𝐺𝑔=1 + ∑ 𝑅𝐵𝑎𝑡,𝑝
𝑡  𝑃𝑝=1 +  ∑ EDL,p ∗ 𝑆𝐷𝐿,𝑝
𝑡  𝑃𝑝=1  ≥ ER
t    ∀ t ϵ [1, T]         (35) 
Two energy balance equations are necessary for this grid configuration; one for prosumers and 
the other for the microgrid as a whole entity (Damisa, Nwulu and Sun 2018). Equation (36) 
ensures energy balance is the prosumer’s premises, and Equation (37) maintains energy balance 
in the microgrid. 
EProGen,p
t − 𝐸𝐺𝑟𝑖𝑑𝑃𝑟𝑜,𝑝
𝑡 − ENDL,p
t − 𝐸𝐵𝑎𝑡𝑇𝑥𝑓,𝑝
𝑡 − EDL,p ∗ 𝑆𝐷𝐿,𝑝
𝑡 = 0  ∀ p ϵ [1, P] ∀ t ϵ [1, T]      (36) 
ESolar
t  +  EWind
t  +  ∑ 𝐸𝑐.𝑔𝑒𝑛,𝑔
𝑡  𝐺𝑔=1 +  𝐸𝑏𝑢𝑦
𝑡 +  ∑ 𝐸𝐺𝑟𝑖𝑑𝑃𝑟𝑜,𝑝
𝑡  𝑃𝑝=1 =  𝐸𝑠𝑒𝑙𝑙
𝑡  + EOtherLoad
t  ∀ t ϵ [1, T]                                                                                                          
     (37) 
4. Simulation Set-up 
The modified microgrid test system as well as grid components and their sizes, used as 
case study in this work, is similar to that used in (Damisa, Nwulu and Sun 2018, 914). The 
average solar irradiance forecast is taken from (Hung, Mithulananthan and Lee 2014). Microgrid 
and commercial and industrial prosumer demands are obtained using the percentage of peak 
demand values in (Papathanassiou, Hatziargyriou and Strunz 2005) & (Force 1979). 400kW, 
150kW and 50kW are assumed to be the peak demands for the microgrid, industrial and 
commercial prosumers respectively. Data and details regarding calculation of maximum 
deviation from wind, solar and demand forecasts can be found in (913). The average wind speed 
forecast and cost of energy from the main grid are taken from (Zakariazadeh, Jadid and Siano 
2014b), and the cost of selling = cost of buying - 0.01$, to avoid energy arbitrage (Pal et al. 
2016). CG parameters used are given in Table 1, and r = 0.2. Network power flow equations are 
not considered in this work. The results presented below were obtained using Advanced 
Interactive Multidimensional Modelling Systems (AIMMS) (Nwulu and Xia 2015b), on a 
personal computer with processor: Intel(R) Pentium (R) Dual CPU T2390 @ 1.86GHz 1.87 
GHz.  
Table 1 CG parameters (Zakariazadeh, Jadid and Siano 2014b, 2014a) 
CG 
Min. 
Powe
r 
(kW) 
Max. 
Powe
r 
(kW) 
𝑎𝑔 
($) 
𝑏𝑔($/
kWh) 
CO2 
Emissio
n 
(kg/kWh
) 
1 30 300 0.5 0.053 0.74 
2 40 400 0.8 0.068 0.89 
 
5. Results 
In this work, three different cases are considered viz. the minimization of operating cost alone 
(w1 = 1), minimization of emissions alone (w1 = 0), and minimization of both operating cost and 
emissions with each carrying equal weight in the objective function (w1 = 0.5). It should be 
noted that the second weight factor, w2 = 1 – w1. Tables 2 and 3 present the total energy and 
reserve schedules, respectively, for each of the three scenarios considered. Table 4 gives the total 
operating cost and emission per case. Figs. 2 through 4 compare the scheduled energy purchase, 
scheduled energy sale and scheduled CG generation, respectively, for the three scenarios. In 
Figs. 5 through 7, comparisons of the scheduled reserve from prosumer batteries, CGs and DLs, 
respectively, for the three scenarios are shown.  
 
Table 2 Energy Schedule 
Case 
Total 
Energy 
Bought 
(kWh) 
Total 
Energy 
Sold  
(kWh) 
Total 
CG 1 
Output 
(kWh) 
Total 
CG 2 
Output 
(kWh) 
Case 1 
w1 = 
0.5 
4529.04 0.00 2847.05 80.00 
Case 2 
w1 = 
1.0 
2339.86 964.51 4353.59 1654.05 
Case 3 
w1 = 
0.0 
4529.04 0.00 2847.05 80.00 
 
Table 3 Reserve Schedule 
Case 
Total 
CG 1 
Reserve 
(kWh) 
Total 
CG 2 
Reserve 
(kWh) 
Total 
Ind. 
Pro. 
Battery 
Reserve 
(kWh) 
Total 
Comm. 
Pro. 
Battery 
Reserve 
(kWh) 
Case 1 
w1 = 
0.5 
734.48 60.40 98.59 54.21 
Case 2 
w1 = 
1.0 
360.16 507.84 49.69 30.00 
Case 3 
w1 = 
0.0 
734.48 60.40 108.42 44.38 
 
Table 4 Total Operating Cost and Emissions 
Case 
Total 
Operating 
Cost ($) 
Total 
Emissions  
(kg) 
Case 1 
w1 = 
0.5 
640 2477 
Case 2 
w1 = 
1.0 
277 5053 
Case 3 
w1 = 
0.0 
640 2477 
 
 
 
 
Figure 2 Scheduled energy to be bought for each of the three cases 
 
  
 
Figure 3 Scheduled energy to be sold for each of the three cases 
 
 Figure 4 Scheduled CG generation for each of the three cases 
 
Figure 5 Scheduled reserve from prosumers’ batteries for each of the three cases 
  
Figure 6 Scheduled reserve from CGs for each of the three cases 
 
Figure 7 Scheduled reserve from DLs for each of the three cases 
6. Discussion of Results 
Notice in Table 2 that the total energy generation scheduled for CG 1 far outweighs that for CG 
2. This is because CG 1 has a relatively lower cost of generation. Reserves from CG 1 are also 
more than that from CG 2 except in Case 2, because more CG generation is used in Case 2 than 
in the two other cases, since emission is not taken into consideration; CG 1, being the cheaper 
producer of power, is utilized more (sometimes at its peak), so CG 2 which is used less has more 
available reserve capacity. The total energy scheduled to be bought from the main grid is also 
significantly lower in Case 2 because more CG generation is utilized since their emission 
production is not a concern. 
It is interesting to note from Table 4 that similar values were obtained for both total operating 
cost and emissions in Cases 1 and 3. Hence, in this grid configuration, minimizing the objective 
function with equal weights assigned to operating cost and emissions (Case 1) yields the same 
results as minimizing emissions alone (Case 3). Also, looking closely at Figs. 2 through 7, the 
schedules generated for these two cases are similar, for the most part. The similarities are found 
mainly in the schedule for energy to be bought, CG energy generation and reserve provision, and 
reserve from prosumers’ batteries. However, a significant dissimilarity is observed in the 
schedule for DLs. The observed similarity in these two cases may be as a result of the relatively 
higher value of emissions in comparison with operating cost. From the foregoing, it can be 
concluded that equal weights assigned to operating cost and emissions, as in Case 1, does not 
necessarily imply that both are effectively equally weighted.  
In Cases 1 & 3 (where emission is taken into account), both CGs are scheduled to be turned off 
in timeslots 3 & 4, during which prosumers’ batteries are scheduled to assist deferrable loads in 
providing the required reserve capacity. In Case 2, on the other hand, CGs are scheduled to be on 
throughout the scheduling horizon, except in timeslot twenty four. Also, Table 3 shows that the 
total reserve capacity expected from prosumers’ batteries is more in Cases 1 & 3 than in Case 2. 
Hence, besides reducing CG emissions, the inclusion of an emission function in the objective 
function of an operational dispatch formulation, is beneficial to customers. 
In timeslots seven, eight, 18 and 19, the cost of selling energy to the main grid is high, and so 
much profit can be made for the microgrid if energy is sold during these periods, however, due to 
the limitation placed on CG generation as a result of trying to minimize emissions, no energy is 
scheduled for sale in Cases 1 & 3. On the other hand, much profit is earned from energy sale in 
Case 2, as seen in Fig. 3. So, though the amount of emission is lower in Cases 1 and 3 than in 
Case 2, the profit earned from selling energy during periods of high energy prices is higher in 
Case 2. 
The following are policy recommendations: 
 Energy consumers should be incentivized to offer significant portions of their loads for 
direct load control as this plays a key role in curbing emissions. 
 Prosumer behind-the-meter resources such as battery storage facility can provide grid 
ancillary services thereby relieving CG utilization, and hence reducing emissions; 
investments in these facilities should therefore be motivated. 
7. Conclusion 
A mathematical model of the economic and emission dispatch problem of a microgrid was 
presented in this paper. The model was formulated as a mixed-integer multi-objective 
optimization problem whose solution minimizes the operating cost of the microgrid as well as 
CG emissions. The weighting method of tackling multi-objective optimization problems was 
employed in this study, and three weight combinations were investigated. While in the first 
weight combination, equal weights were assigned to both generation cost and emission, the 
second and third combinations minimize only generation cost and only emissions, respectively. 
Results from investigations carried out on a modified microgrid test system, and comparisons of 
schedules generated for the different weight combinations, show that the consideration of 
emission in the operational planning of a microgrid could be of advantage to customers as more 
of their onsite resources may be utilised to supply grid support services. On the other hand, 
restriction may be placed on the profit that can be made from selling energy during periods of 
high energy price, when emission reduction is an objective of the operational dispatch model. 
The development of a stochastic variant of the formulation presented in this paper is a possible 
way to extend the work. Emissions resulting from the production and transportation of 
prosumers’ batteries may also be included in the formulation. 
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